The Global Precipitation Measurement satellite's Microwave Imager (GMI) and Dual-frequency Precipitation Radar (DPR) are designed to provide the most accurate instantaneous precipitation estimates currently available from space. The GPM Combined Algorithm (CORRA) plays a key role in this process by retrieving precipitation profiles that are consistent with GMI and DPR measurements; therefore it is desirable that the forward models in CORRA use the same geophysical input parameters. This study explores the feasibility of using internally consistent emissivity and surface backscatter cross section (σ 0 ) models for water surfaces in CORRA. An empirical model for DPR Ku and Ka σ 0 as a function of 10m wind speed and incidence angle is derived from GMI-only wind retrievals under clear conditions. This allows for the σ 0 measurements, which are also influenced by path-integrated attenuation (PIA) from precipitation, to be used as input to CORRA and for wind speed to be retrieved as output. Comparisons to buoy data give a wind rmse of 3.7 m/s for Ku+GMI and 3.2 m/s for Ku+Ka+GMI retrievals under precipitation (compared to 1.3 m/s for clear-sky GMI-only), and there is a reduction in bias from the GANAL background data (-10%) to the Ku+GMI (-3%) and
vestigators have taken advantage of existing platforms with these measurements (e.g., TRMM and 85 Aquarius) or coincident overpasses of scatterometer and passive microwave radiometers to eluci-86 date further information about the atmosphere and sea state than is possible from either instrument 87 type alone. Studies based on the TRMM microwave imager (TMI) and precipitation radar (PR) 88 have often used the TMI-based wind retrievals as a reference to develop geophysical model func-89 tions (GMFs) for PR, which relate wind speed and σ 0 (e.g., Li et al. (2002) ; Freilich and Vanhoff 90 (2003) ; Tran et al. (2007) ). These are then used to retrieve the wind field independently with PR 91 (Li et al. 2004 ) either as a standalone product or for use as a reference to estimate the rain-induced 92 attenuation as an input to the rainfall estimation algorithms. In the case of WindSat, a comparison 93 of its retrievals and QuickScat wind vectors in coincident overpasses was performed by Quilfen 94 et al. (2007) , who found differences between the two depended on wind speed and water vapor (a 95 consequence of the aforementioned cross-talk between parameters). The authors also attempted to 96 combine the two sets of measurements via multiple regression. They found that adding QuickScat 97 to WindSat did not improve wind retrievals outside of rain, but they did note a slight improve-98 ment under raining conditions. More recently, the Aquarius satellite, which offers active and 99 passive measurements at L-band for the purpose of ocean salinity retrieval, was launched. Yueh
The components of the optimal estimation retrieval are the state vector (x) and covariance ma- bins. The number of leading EOFs is chosen such that at least 99% of the variance in temperature 144 and water vapor is explained by the selected EOFs. The EOFS are used to simultaneously adjust 145 the initial atmospheric temperature and water vapor profiles in order to match the observed GMI 146 radiances. This is a change from the Elsaesser and Kummerow (2008) method, which assumed a 147 constant lapse rate and scale height for water vapor. These assumptions are sufficient for matching 148 observations near the 22-GHz water vapor absorption line, where radiances are mostly sensitive to 149 the total column-integrated amount of water vapor and are less sensitive to its vertical structure and 150 emitting temperature. However both the vertical structure of water vapor and temperature matter 151 for modeling the additional channels near 183 GHz on GMI, so some method of adjusting the 152 8 shape of the profile in mid and upper levels is necessary. The EOFs represent the climatological 153 co-varying structures in temperature and water vapor profiles, and are a robust way to adjust both 154 without requiring temperature sounding channels (e.g., 50-55 GHz). The a priori (and initial) state 155 x a is the MERRA reanalysis interpolated in time and space to the GMI pixel location.
156
Because the atmosphere is represented by EOFs and no covariance between the atmosphere and 157 wind/cloud is assumed, the state covariance matrix S x is diagonal. were adjusted to 10m assuming neutral buoyancy using the relationship (Hsu et al. 1994) :
Before the emissivity models can be intercompared, sensor calibration must be considered. 10 sivity at these channels and therefore low confidence in the offsets, which are likely influenced by as a Rayleigh target (an incoherent sum from many specular points on the surface without any 231 dominant scattering contribution) and a logarithmic receiver is used, then the standard deviation 232 in dB is given by (Sauvageot 1992) :
where N depends on incidence angle and varies between 100 and about 110 . Using these num-234 bers, the nominal standard deviation in σ 0 , from sampling alone, is a bit more than 0.5 dB. 2
235
Values higher than 0.5 dB could be caused by random errors in the GMI wind reference (this is 236 compounded when the sensitivity of σ 0 to wind is high) or that something other than wind speed 237 is contributing the variation of σ 0 , resulting in diminished impact of the σ 0 observation on the 238 precipitation retrieval. In Figure 3 , the standard deviation of σ 0 for the KuPR, in normal scan (NS) 239 mode, and KaPR, in matched-scan (MS) and high-sensitivity (HS) modes, is shown as a function This should reduce the standard deviation of the σ 0 ; however, in the DPR processing, the σ 0 is based on the peak return power, not the integrated power.
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At the low wind speed, the standard deviation is quite high (nearly 10 dB), particularly off nadir, 242 but smaller (still 2-4 dB) near nadir at both frequencies (the lower Ku values are likely due to the 243 saturation of the KuPR receiver). As the wind becomes calm, the surface is nearly specular and the 244 sensitivity to small changes in wind speed is quite high off nadir, so random error in the reference 245 wind is thought to primarily contribute to the large standard deviation there. Long-period swell 246 also provides an increasing contribution to variation in σ 0 (Tran et al. 2007 ) that is unrelated to 247 the local wind speed. Finally, since the change in σ 0 with respect to incidence angle is also high at 248 low wind speeds, small changes in the incidence angle (the standard deviation of DPR incidence 249 angle was around 0.01 • in each angle bin) may also contribute to the high standard deviation at 250 off-nadir angles.
251
At moderate and high wind speeds, the standard deviations are much lower and the pattern 252 is shifted slightly to relatively high values near nadir and at the largest off-nadir angles, with The two-dimensional GMFs of σ 0 are shown in Figure 4 . Most of the variability is exhibited 263 at low wind speeds at both Ku and Ka bands 3 . However, σ 0 continues to decrease near nadir for 264 wind speeds as high as 30 m s −1 , which is approximately the upper limit of the reliable data that 265 has been collected so far. Off-nadir, σ 0 appears to reach maxima at increasing wind speeds with 266 incidence angle. The standard deviation of σ 0 reaches minima near the 0.5 dB sampling limit 267 at 5-15 • and wind speeds between 5 and 10 m s −1 . There is also a minimum in the standard 2012)). In the DSRT, σ 0 is replaced by the 280 differential σ 0 :
and the method provides an estimate of the differential PIA, A(Ka)-A(Ku). The errors in both 282 single-frequency SRT and DSRT methods are dominated by the fluctuations in the rain-free ref-
283
3 the Ka HS GMF is not shown, but is essentially identical to the MS data with a -0.2 dB offset owing to the inability of the larger pulse width to capture the surface peak as effectively, especially near nadir. 14 erence data: σ 0 and δ σ 0 . As the correlation between σ 0 (Ku) and σ 0 (Ka) increases, the variance 284 in δ σ 0 decreases so that the DSRT provides a potentially more accurate estimate of the path at-285 tenuations. The correlations, which are near 0.8 in most DPR angle bins when all wind speeds 286 are considered, reduce to 0.1-0.4 for most wind speeds > 5 m s −1 and off-nadir incidence angles.
287
This suggests that wind is responsible for most of the covariance in Ku and Ka σ 0 but near-nadir 288 and at low winds the stronger correlations make the DSRT technique particularly useful. statistics. It is difficult to directly ascertain the improvement (if any) in rainfall estimates over 297 ocean owing to the lack of reliable direct measurements, but the algorithm can be assessed as to 298 how well the forward model matches GPM observations and buoy observations of wind speed.
299
The impact on retrieved precipitation amounts is also shown in this section. 
311
The ensemble is then filtered using the observed Ku σ 0 , GMI radiances, and Ka reflectivities and 312 σ 0 (where available). This is done by constructing an n var × n memb vector X ens representing the 313 ensemble variables to be updated, including the perturbed variables, e.g., N w and 10m wind, and 314 derived/forward modeled variables, e.g., precipitation rate and brightness temperature. A separate 315 n obs × n memb vector Y ens consists of the forward modeled variables corresponding to the n obs × 1 316 observation vector Y obs (R is the corresponding observation error), which contains the observed 317 σ 0 , brightness temperatures, and Ka reflectivities. The ensemble state vector X ens is then updated 318 using the sample covariance:
The algorithm output is derived from the updated ensemble and includes both mean and standard 320 deviations of the geophysical parameters of the ensemble and forward modeled observations. This To illustrate the update process described by Eq. 5, the retrieval algorithm is applied to a GPM The correlations (calculated from the initial, unfiltered ensemble) between the each observation 329 type and the surface rain rate, as well as the correlations between each observation type and the 330 10m wind speed, are shown in Figure 6 for both radar frequencies and the horizontally-polarized 331 GMI channels from 10-36 GHz (which are most sensitive to rain and wind over water surfaces).
332
It is evident from these sensitivities that algorithm adjustments to precipitation rate in convective 333 rain (echoes greater than 40 dBZ; purple colors in Figure 5 ) are mostly a response to the initial Ku 334 and Ka σ 0 error, whereas adjustments in stratiform rain are mostly a response to the Ka σ 0 and 335 GMI Tbs (note that in the heaviest rain, the correlation between rain rate and 36H Tb becomes 336 negative as scattering dominates over emission). Note that in extremely heavy precipitation with 337 large amounts of ice aloft, the variability of Ka σ 0 due to multiple scattering begins to overwhelm 338 the attenuation, and the correlation decreases. In these cases, the algorithm relies mostly on Ku σ 0 339 to adjust the initial ensemble rain rates. In light and moderate rainfall, the 10m wind adjustment 340 is mostly a response to Ku σ 0 , especially away from the approximately 9 • incidence angle at 341 which Ku σ 0 is insensitive to wind. Nevertheless there is some sensitivity of the 10 and 19 GHz Output from 400 GPM orbits between September 2014 and January 2015 are analyzed to assess 349 the internal consistency between the forward model and observations before and after filtering.
350
The mean bias and root-mean-square (rms) error between the initial ensemble mean and filtered 351 ensemble mean for both NS (Ku+GMI) and MS (Ku+Ka+GMI) are given in Table 2 . There is a 352 general cold bias to the initial simulated brightness temperatures (Tbs) at all frequencies (although 353 a warm bias is present in the 18 and 36 GHz channels at rain rates exceeding 10 mm hr −1 ). Both the additional Ka band information and are less free to be adjusted to match the GMI radiances.
357
In other words, the NS retrievals are over-fit to the Tbs, which suggests an increase in their error 358 values in R is warranted.
359
The initial and filtered rms error and bias of σ 0 is shown as a function of scan angle in Figure 7 .
360
There is a significant reduction in Ku rms error at all scan angles. The Ka error values are higher 361 due to the stronger attenuation and multiple scattering effects, but errors are still reduced by nearly 362 50% after the filtering step. The bias plots show a pattern of initial errors that are consistent with 363 a low bias in the ENV wind (too high near nadir and too low off nadir). This bias appears to be 364 more significant than any systematic bias in the precipitation attenuation, which would have the 365 same sign regardless of scan angle. were within the KaPR swath) at the same time that DPR detected precipitation in the pixel nearest 370 to the buoy location. These observations were used to validate the CORRA wind retrieval.
371
The wind rmse and bias are shown in Figure 8 . Similar to the MERRA data analyzed in section 372 2, these background winds are biased high below 3 m s −1 and biased low at higher wind speeds 373 relative to the buoy observations. Root-mean-square errors increase from 2 m s −1 to 4 m s −1 374 and NS errors are slightly higher than the MS or ENV errors. However, the bias is significantly 375 reduced in the filtered datasets relative to the initial winds, indicating that while the retrievals are 376 noisy, adjustments tend to be in the correct direction (this is consistent with the initial and filtered 377
Tb and σ 0 biases as well).
378
The wind error is shown as a function of incidence angle in Figure 9 . It is evident that the the observed σ 0 in the observation vector. Light precipitation (< 1 mm hr −1 ) is increased slightly 406 in the NS swath, predominantly at wind speeds > 10 m s −1 and at incidence angles less than 12 • .
407
The discontinuities in the 10-12 • range are an artifact of the unavailability of the low-frequency 408 GMI channels near the edge of the DPR swath (the deconvolution procedure requires coverage 409 of the full footprint within the DPR swath). This suggests that GMI Tbs are driving the increase 410 in precipitation, which is consistent with the weak Ku σ 0 -precipitation correlation in light rain 411 ( Figure 6 ). Near the edges of the DPR swath, where the GMI Tbs are not used, there is not enough 412 20 information to significantly adjust the precipitation rate because the Ku-band PIA is small relative 413 to the uncertainty in σ 0 , so the SRT and coupled method have the same information content.
414
At moderate (1 mm hr −1 < R < 10 mm hr −1 ) precipitation rates, the wind-σ 0 correlation is 415 still larger than the rain correlation at Ku band whereas Tbs are more sensitive to the precipitation 416 (although there is still some wind sensitivity especially at 10H). This results in some compensating 417 behavior, where it is "easier" for the algorithm to increase the wind speed to satisfy the Ku σ 0 418 observation but must reduce the precipitation rate to be consistent with the Tbs. In heavy rain (> 419 10 mm hr −1 ), the ensemble variance in σ 0 and the Tbs is dominated by variance in the rain column, is desirable that those models use the same geophysical input parameters wherever possible.
441
This study explored the feasibility of using internally consistent relationships between wind, attenuation from atmospheric gases, clouds, and precipitation, the 10m wind speed was added to 459 the retrieval state vector.
460
The combined wind/precipitation retrievals were then evaluated against the ICOADS buoy LIST OF FIGURES 
